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Abstract
Background
Youth are engaging in multiple risky behaviours, increasing their risk of overweight, obesity,
and related chronic diseases. The objective of this study was to examine the effect of en-
gaging in unique clusters of unhealthy behaviours on youths’ body mass index (BMI)
trajectories.
Methods
This study used a linked-longitudinal sample of Grades 9 and 10 students (13 to 17 years of
age) participating in the COMPASS host study. Students reported obesity-related and other
risky behaviours at baseline and height and weight (to derive BMI) at baseline (2012/2013)
and annually for 2 years post-baseline (2013/14 and 2014/15). Students were grouped into
behavioural clusters based on response probabilities. Linear mixed effects models, using
BMI as a continuous outcome measure, were used to examine the effect of engaging in
clusters of risky behaviours on BMI trajectories.
Results
There were significant differences in BMI of the four behavioural clusters at baseline that
remained consistent over time. Higher BMI values were found among youth classified at
baseline to be Typical High School Athletes (β = 0.232 kg/m2, [confidence interval (CI):
0.03–0.50]), Inactive High Screen-User (β = 0.348 kg/m2, CI: 0.11–0.59) and Moderately
Active Substance Users (β = 0.759 kg/m2, CI: 0.36–1.15) compared to students classified
as Health Conscious. Despite these baseline differences, BMI appeared to increase across
all behavioural clusters annually by the same amount (β = 0.6097 kg/m2, (CI) = 0.57–0.64).
Conclusions
Although annual increases in BMI did not differ by behavioural clusters, membership in a
particular behavioural cluster was associated with baseline BMI, and these differences
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remained consistent over time. Results indicate that intervening and modifying unhealthy
behaviours earlier might have a greater impact than during adolescence. Health promotion
strategies targeting the highest risk youth as they enter secondary school might be promis-
ing means to prevent or delay the onset of obesity.
Introduction
There has been a notable increase in the prevalence of both measured and self-reported over-
weight and obesity over the last 30 years, with approximately 27% of Canadian children and
youth now classified as overweight or obese [1]. Obesity in adolescence is associated with an
increased risk of adult obesity and other chronic diseases, including cardiovascular disease,
diabetes, and hypertension [2]. Overweight youth also tend to be at risk for psychosocial prob-
lems, to complete fewer years of higher education, and subsequently to live in households with
lower average incomes [2, 3]. There is a need to better understand the causes and correlates of
overweight and obesity in adolescence.
The positive energy balance contributing to overweight and obesity through low levels of
physical activity and poor dietary behaviours, is often the focus in obesity research [4]. How-
ever, total fat and energy intake have remained relatively constant [5], suggesting that other
behaviours might be more influential of adolescent weight status. For example, advances in
technology have led to a marked increase in screen time and sedentary behaviour among ado-
lescents, which are often coupled with lower energy expenditure. Other risk behaviours that
tend to emerge in adolescence, such as alcohol consumption [6] and cigarette smoking have
also been linked to an increase in percent body fat, overweight, and obesity [7]. However, the
mechanism by which these behaviours contribute to overweight or obesity is not well under-
stood. And while individually linked to an increased risk of overweight and obesity in youth
[8, 9], these behaviours do not occur in isolation, but rather cluster in unique ways [10, 11, 12].
Since most youth are not engaging in optimal behavioural patterns [10, 11, 13] and report
engaging in at least one modifiable risk behaviour [12], there is a reinforced need for preven-
tion programming targeting youth.
Evidence from cross-sectional studies has demonstrated an association between risky beha-
vioural clusters and obesity among children and youth [11, 12]. While useful for surveillance
of youth risk behaviours, cross-sectional data do not provide the necessary data to quantify tra-
jectories at the individual level [14], nor to examine a temporal relationship between risky
behavioural patterns and body mass index (BMI). The existing longitudinal research focused
on single behaviours, and suggests that among children, behaviours protective of healthy body
weights include physical activity [15, 16, 17], sports participation [18], low sedentary behav-
iours [15, 16, 19, 20], and a healthier diet [21]. However, little is known about other risky
behaviours (smoking, marijuana use, binge drinking), or the combined effect of these behav-
iours on BMI trajectories.
Prevention and intervention programs, frequently developed to target specific behaviours,
might be more effective if comprehensive since behaviours rarely occur in isolation [22]. To
best target such prevention programming, it is important to understand optimal behaviour
patterns and to place emphasis on the strategies that target more complex behavioural patterns
rather than single behaviours. Our objectives were to: (1) examine variation in BMI across dis-
tinct combinations of risky behaviours in youth and (2) identify if behavioural cluster mem-
bership predicted BMI trajectories in youth. Identifying the behavioural clusters associated
with an accelerated BMI trajectory might help researchers better allocate resources and direct
Behaviour clusters and BMI trajectory in youth
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efforts to target appropriate modifiable behaviours. Steeper BMI trajectories towards over-
weight and obesity might suggest the importance of earlier interventions to improve the trajec-
tory of BMI in youth.
Methods
Design
The COMPASS Study (COMPASS) is a prospective cohort study designed to collect hierarchi-
cal and longitudinal data from a sample of secondary school students and the schools that they
attend in Ontario and Alberta, Canada. This manuscript used data collected from the cohort
of 5,084 students in 41 Ontario schools that participated in the first three years: years 1 (Y1:
2012–2013), 2 (Y2: 2013–2014), and 3 (Y3: 2014–2015) of the COMPASS Host Study. Data
were obtained from 41 purposefully sampled Ontario schools that agreed to use active-infor-
mation, passive-consent parental permission protocols. Student-level data were collected
annually using the COMPASS questionnaire. A full description of the COMPASS study and its
methods is available online (www.compass.uwaterloo.ca) and in print [23]. The COMPASS
study received ethics approval from the University of Waterloo Human Research Ethics Com-
mittee, as well as from review panels of all participating school boards.
Sample and population
In Y1, a total of 30,147 students in grades 9 to 12 were enrolled in 43 COMPASS secondary
schools. Overall, 80.2% (n = 24,173) of eligible Y1 students completed the questionnaire during
class time on the day of the scheduled data collection. Non-responses resulted from student
absenteeism (19%), parent refusal (0.9%) or student refusal (0.1%). Records missing informa-
tion on height, weight, or other covariates of targeted interest (gender, race, grade, or spending
money) were excluded from the analysis sample. While additional schools were recruited in Y2
and Y3, only the students that participated in Y1 of COMPASS were included in this manu-
script. As described elsewhere [24], self-generated identification codes were used to link data
sets for the three years and to create the longitudinal data set for analyses. To ensure a suffi-
cient sample size, this study used available-case rather than complete case analysis; complete
case analysis involves deleting all cases for which there are any missing values, whereas avail-
able case analysis only deletes cases if all but one values are missing [25]. This study therefore
included participants that provided behavioural data at Y1, and BMI data at Y1 and at least one
of two years of follow-up (Y2 and Y3). Between Y1 and Y3, two schools withdrew from COM-
PASS, and 10,978 graduated from grade 12 (5,699 in Y1 and 5,279 in Y2). The final linked lon-
gitudinal sample used for this study included 5,084 students from 41 schools in Ontario (see
Fig 1).
Measures
Outcome variable–BMI. Students’ self-reported height (in meters) and weight (in kilo-
grams) were used to calculate BMI (in kg/m2) using the standard formula. The COMPASS
BMI measure was validated in a sample of grade 9 students from Ontario, Canada, and dem-
onstrated substantial 1-week test-retest reliability (Intraclass correlation [ICC] = 0.95) and
concurrent validity with measured height and weight (ICC = 0.84) [26]. BMI was classified as
a continuous outcome measure, as it can provide more nuanced information than BMI catego-
ries when examining changes to BMI over short time periods [27].
Predictor variables–risk behaviour clusters. The risk behaviour clusters used for this
study are those identified in previous research using Y1 COMPASS data [11]. A latent class
Behaviour clusters and BMI trajectory in youth
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analysis (LCA) to identify patterns of 15 behavioural indicators associated with overweight
and obesity [physical activity (time spent in hard and moderate physical activity, days engaging
in strength training, physical activities organized by the school, and participation on a com-
petitive school sports teams), dietary behaviours (breakfast consumption, fast food consump-
tion, snacking behaviour, sugar-sweetened beverage consumption, and fruit and vegetable
Fig 1. Flowchart of participating students and schools.
https://doi.org/10.1371/journal.pone.0190405.g001
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consumption), sedentary behaviour (time spent watching television, playing video/computer
games, and surfing the internet), and substance use behaviours (smoking, marijuana use, and
binge drinking)] was conducted on a subsample of youth (n = 18,587) participating in Y1 of
COMPASS [11]. The LCA identified four unique behavioural clusters: 1) Traditional School
Athletes; 2) Inactive High Screen-User; 3) Health Conscious; and, 4) Moderately Active Substance
Users to which youth were assigned based on highest probability of group membership [11,
28]. Behaviour cluster membership in youth at baseline was used to predict their BMI trajecto-
ries. For details on the patterns of behaviours across the four clusters, see Table 1; for more
information on the creation of the clusters, see [11].
Covariates. Sociodemographic characteristics were measured in youth at Y1. Covariates
considered in the analyses were found previously to be associated with BMI and health
Table 1. Description of the four previously created behavioural clusters.
Latent Class Description
Health Conscious - 54.6% met physical activity guidelines.
- 59.1% engaged in in strength training at least three times per week
- 73.0% participated in varsity and intramural (61.8%) sports.
- 81.8% spent less than 2 hours per day surfing the internet per day
- 8.5% spent less than 2 hours playing video games per day
- 23.6% spent less than 2 hours watching television per day
- 51.3% ate at least 5 servings of fruits or vegetables per day
- 79.5% ate breakfast daily
- 71.6% did not eat at fast food restaurants
- 93.6% did not eat snacks from corner stores or drink sugar sweetened
beverages
- <3.0% smoked or used marijuana
- 88.7% did not binge drink
Typical High School Athletes - 63.6% met physical activity recommendations
- 50.5% engaged in strength training
- 99.1% belonged to a varsity team
- 87.4% played intramural sports
- 46.9% surfed the internet more than two hours per day
- 59.2% watched television for more than two hours per day
- 70.4% did not consume five servings of fruits and vegetables daily
- 52.3% did not consume breakfast daily
- 81.5% ate at fast food restaurants once or more per week
- 45.9% consumed sugar-sweetened beverages at least three times per
week.
- 10% used marijuana
- 25.7% were considered binge drinkers
Inactive High Screen-Users - 37% met physical activity recommendations
- 26.1% participated in strength training at least three times per week
- 7.6% participated in varsity sports
- 11.2% participated in intramural sports
- 58.0% spent more than two hours per day surfing the internet and
watching television.
- 85% did not consume at least five servings of fruits and vegetables daily
- 57% skipped breakfast
- 67.7% consumed fast food more than once per week
Moderately Active Substance
Users
- 57% spent two or more hours per day surfing the internet and watching
television
- 74.9% were not consuming breakfast
- 76.9% did not consume five or more servings of fruits and vegetables per
day
- 85% consumed fast food once or more times per wee
- 69.8% were smokers
- 82.6% were marijuana users
- 79.4% were binge drinkers
https://doi.org/10.1371/journal.pone.0190405.t001
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behaviours in youth, and included students’ self-reported gender (male, female), grade (9, 10,
11, 12), race (White, Aboriginal [First Nations, Me´tis, Inuit], other), and self-reported average
weekly spending money ($0, $1-$20, $21-$100, more than $100, “I don’t know”) [29].
Statistical analysis
All analyses were performed using the statistical package SAS 9.4 (SAS Institute Inc., Cary,
NC, USA). Descriptive statistics were calculated for the total sample.
We used PROC MIXED to fit 3-level linear mixed effects models (level 1 –school; level 2 –
students within schools; and 3 –repeated BMI measures over time within students) [30]. Using
three years of data, the models tested the effects of engaging in risky behaviours at baseline
(behaviour cluster membership) on youths’ BMI trajectories. An initial null model was exe-
cuted to examine variability in the BMI outcome that can be attributed to the clustered nature
of the data and to identify if school (as a cluster variable) was necessary to include in the mod-
els. Although small, variability across the schools was significant and was considered in all sub-
sequent models. We considered three models of behavioural cluster membership on BMI
trajectories, considering BMI as a continuous outcome measure: controlling for year (Model
1), controlling for year, gender, grade, race, and weekly spending money (Model 2), and lastly,
Model 2 control variables with test for interaction between time and behavioural cluster
(Model 3). All models controlled for year in the analyses. We included two random effects: (1)
school and (2) students nested within schools. The remaining effects were fixed (cluster group,
gender, grade, ethnicity, money).
Results
At Y1, 17.7% of youth were overweight and 7.9% were obese. As identified in a previous paper
(14), the youth that belonged to less healthy behavioural clusters compared to the Health Con-
scious cluster were considered to be at an increased risk of overweight and obesity. Details on
the identification of the four behavioural clusters are described elsewhere [11].
Description of the study sample
Participant characteristics for the total linked sample (n = 5,084) and by behavioural clusters
can be found in Table 2. Approximately half of the students were female (52.1%), a large
majority were White (75.8%), and most were in Grades 9 (46.5%) or 10 (50.9%). The beha-
vioural cluster most strongly represented in this sample was the Inactive High Screen-Users
(44.9%), while the Moderately Active Substance Users was the least represented (7.8%). The
mean BMI of the total sample at baseline was 21.3 kg/m2, with the lowest BMI found among
the Health Conscious youth (20.9 kg/m2) and the highest among the Moderately Active Sub-
stance Users (22.1 kg/m2).
Mean BMI increased from 21.3 kg/m2 in Y1 to 22.3 kg/m
2 in Y3. Males’ self-reported BMIs
(21.7–23.0 kg/m2) were consistently higher than females’ (20.9–21.7 kg/m2). Fig 2 shows that
there was an annual increase in average BMI (0.4 to 1.2 kg/m2) from Y1 to Y3 across all beha-
vioural clusters, with an apparent plateau of BMI among the Moderately Active Substance Users
from Y2 to Y3.
Mixed effects regression model results
Regression coefficients for all models are found in Table 3. The empty model used to deter-
mine the intraclass correlation identified that there was a cluster effect at the school-level that
needed to be considered in all subsequent models (ICC = 2%). Results from Model 1, which
Behaviour clusters and BMI trajectory in youth
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only controlled for time and school, suggested that all three behavioural clusters were signifi-
cantly different from the Health Conscious cluster, with differences ranging from 0.344 kg/m2
(Inactive High Screen-Users) to 1.041 kg/m2 (Moderately Active Substance Users). In model 2,
controlling for sociodemographic factors, BMIs at baseline for youth belonging to the Tradi-
tional High School Athletes cluster (20.63 kg/m2, confidence interval (CI) 0.03–0.50) was higher
than youth in the Health Conscious cluster (β = +0.232 kg/m2). Similarly, at baseline, BMIs of
youth classified as Inactive High Screen-Users (20.57 kg/m2, 0.11–0.59) and Moderately Active
Substance Users (22.16 kg/m2, 0.36–1.15) were higher compared to youth classified as Health
Conscious (β = +0.348; β = +0.759 kg/m2, respectively). Model 3 results, which incorporated a
time cluster interaction, were not significant, suggesting that the BMI trajectories of youth
belonging to different behavioural clusters were not significantly different. Accordingly, results
indicate that if all youth continue to engage in the same patterns of health behaviours as identi-
fied at, we would predict an increase in BMI of 0.61 kg/m2 annually (β = 0.610 kg/m2, 0.57–
0.64). These projected BMI increases for each cluster are depicted in Fig 3.
Table 2. Baseline characteristics of the linked-longitudinal sample of youth participating in Y1 to Y3 of the COMPASS study in Ontario, Canada
(2012–2015).
Variable Total
(n = 5084)
Typical High School Athlete
(n = 1419, 27.9%)
Inactive High Screen-Users
(n = 2285, 44.9%)
Health
Conscious
(n = 1008,
19.8%)
Moderately Active
Substance Users
(n = 372, 7.3%)
Gender, n(%)*
Males 2438
(48.0)
582 (22.0) 1341 (50.7) 570 (21.5) 153 (5.8)
Females 2646
(52.1)
837 (34.3) 944 (38.7) 438 (18.0) 219 (9.0)
Race, n(%)
White 3854
(75.8)
1095 (28.4) 1678 (43.5) 807 (20.9) 274 (7.1)
Aboriginal 170 (3.3) 23 (22.1) 43 (41.4) 16 (15.3) 22 (21.2)
Other 1060
(20.9)
301 (26.7) 564 (50.1) 185 (16.4) 76 (6.8)
Grade, n(%)
9 2363
(46.5)
653 (27.6) 1084 (45.9) 514 (21.8) 112 (4.7)
10 2588
(50.9)
730 (28.2) 1139 (44.0) 476 (18.4) 243 (9.4)
11 133 (2.6) 36 (27.3) 62 (46.1) 18 (14.1) 17 (12.5
Age (m, d)* 14.7 (0.67) 14.7 (0.67) 14.66 (0.68) 14.68 (0.69) 14.94 (0.68)
Spending money,
n(%)
None 939 (18.5) 203 (21.6) 472 (50.3) 232 (24.7) 32 (3.4)
$1 to $20 1917
(37.7)
526 (27.4) 935 (48.8) 344 (17.9) 112 (5.8)
$21 to $100 1246
(24.5)
389 (31.2) 511 (41.0) 220 (17.7) 126 (10.1)
More than $100 326 (6.4) 99 (30.4) 100 (30.7) 61 (18.7) 66 (20.3)
I do not know 656 (12.9) 202 (30.8) 267 (40.7) 151 (23.0) 36 (5.5)
BMI (m, d) 21.3 (3.36) 21.3 (3.18) 21.3 (3.54) 20.9 (3.07) 22.1 (3.46)
* (m,d), mean (standard deviation); n(%), number (percentage)
https://doi.org/10.1371/journal.pone.0190405.t002
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Discussion
This study investigated the impact of engaging in four distinct clusters of behaviours (Typical
High School Athlete, Inactive High Screen-Users, Health Conscious, and Moderately Active Sub-
stance Users) on the BMI and BMI trajectories of a large sample of youth from Ontario, Can-
ada. Consistent with previous research [31], there were significant differences in the average
BMI at baseline across the four behavioural clusters, suggesting that BMI was associated with
concurrent weight status. Despite baseline differences, the BMI trajectories for youth in all
clusters was 0.610 kg/m2 annually, irrespective of their behavioural cluster, thus suggesting
that engaging in risky behaviours might only predict BMI at baseline and not differences in
trajectories over time. Results did not extend previous research on the correlates contributing
to accelerated BMI trajectories, but did confirm that males and older youth have higher BMI
trajectories than their counterparts. Efforts are required to improve health behaviours to slow
BMI trajectories in all youth belonging to all clusters, considering the heterogeneity of BMI at
baseline and noting that some subpopulations might develop overweight or obesity earlier
than others based on their baseline BMI [14].
Fig 2. Average annual changes in BMI from the sample participating in Y1 to Y3 of the COMPASS study in Ontario, Canada.
https://doi.org/10.1371/journal.pone.0190405.g002
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The limited longitudinal research to date on health behaviours and BMI trajectories has
been mixed. Some have found that unhealthy weight-related behaviours, including higher
caloric consumption, lower physical activity, and higher screen time, are associated with larger
increases in BMI over time [16, 32, 33], and that modifying these risk behaviours can improve
BMI [17, 34]. Others found that physical activity in adolescence did not predict obesity five
years later, but that decreases in screen time during in adolescence were associated with lower
rates of obesity [35]. This was opposite to research by Chinapaw et al., which found that seden-
tary time in youth was not related to BMI [36]. However, Chinapaw only focused on television
viewing behaviours, which may have underestimated youths’ true screen-based behaviours
(i.e., video games, cell phone use, internet surfing) [37]. In terms of dietary behaviours, some
have identified that energy intake was inversely related to fat mass, opposite to what would be
expected based on the theory of energy balance [38, 39]. The general consensus from this pre-
vious research is a need to investigate a potential combined effect of engaging in multiple
behaviours on BMI, rather than focusing on individual behaviours.
The results of this study suggest that all risk behaviour clusters require attention. The pro-
jected BMI trajectories depicted in Fig 3 starting with baseline BMI for all behaviorual clusters
Table 3. Regression coefficients for the relationship between risky behavioural clusters at baseline and BMI over time among youth participating
in Y1 to Y3 of the COMPASS study in Ontario, Canada (2012–2015).
Model 1 Model 2
B SE(B) 95% CI Β SE(B) 95% CI
Intercept 21.053 0.127 20.8–21.3** 20.401 0.170 20.1–20.7
Time 0.609 0.017 0.58–0.64** 0.610 0.0170 0.57–0.64**
Cluster group
Traditional High School Athletes 0.410 0.136 0.12–0.68* 0.232 0.135 -0.03–0.50
Inactive High Screen-Users 0.344 0.125 0.10–0.59* 0.348 0.124 0.11–0.59*
Health Conscious (ref) — — — — — —
Moderately Active Substance Users 1.041 0.201 0.65–1.44** 0.759 0.202 0.36–1.15*
Gender
Male — — — 1.012 0.093 0.83–1.19**
Female (ref) — — — — — —
Grade
9 (ref) — — — — — —
10 — — — 0.401 0.094 0.22–0.58**
11 — — — 0.815 0.298 0.23–1.40
Race
White (ref) — — — — — —
Aboriginal — — — 0.558 0.336 -0.10–1.22
Other — — — -0.023 0.1158 -0.25–0.20
Weekly Spending money
$0 (ref) — — — — — —
$1 to $20 — — — 0.012 0.130 -0.24–0.27
$21 to $100 — — — 0.014 0.143 -0.27–0.29
More than $100 — — — 0.116 0.214 -0.46–0.19
I do not know -0.134 0.166 -0.30–0.54
B reported for unstandardized coefficients. SE: standard error. 95% CI: 95% Confidence intervals; “ref” = referent category for analyses
** p < .0001
* p < .05
https://doi.org/10.1371/journal.pone.0190405.t003
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demonstrates the increase in BMI that each cluster would experience over time, with no beha-
vioural interventions. These estimates might be conservative, as we did not consider the likely
increase of risk factor prevalence and adoption of other risky behaviours as youth leave high
school and transition to college, university, or the workforce [40]. Interestingly, the Moderately
Active Substance Users’ BMIs, as seen in Fig 2, appeared to plateau after Y2. This study used an
available case analysis, including students with at least 2 years of BMI data. Many of the miss-
ing students in Y3 belonged to the Moderately Active Substance Users cluster. Such characteris-
tics (smoking, marijuana use, binge drinking) are typically embodied by students that tend to
skip school and may not have been present on the day of the survey [41]. As such, the leveling
off of BMI in this cluster group may be explained by the missing data.
This study focused on the effect of baseline behavioural cluster membership on BMI trajec-
tories. The use of behaviours at baseline assumed that behaviours either remain consistent
over time, or that the effects of behaviours on BMI might be lagged. Using latent transition
models, a method that allows researchers to examine movement between subgroups and how
membership in subgroups might change over time [42], researchers demonstrated that health
Fig 3. Model-based predicted BMI trajectories of the 4 behavioural clusters from youth participating in Y1 to Y3 of the COMPASS study in
Ontario, Canada.
https://doi.org/10.1371/journal.pone.0190405.g003
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behaviours and the ways in which behaviours cluster tend to remain consistent over time in
youth [43], and that BMI trajectories established during early-adolescence (aged 8–14 years)
remain stable over time among children who are heavier. With this sample, measuring health
behaviour clusters as time-variant between baseline and follow-up might better predict BMI
trajectories [44]. Considering other factors as potential moderators, such as body image con-
cerns, weight stigma, or baseline weight status [45, 46], might also help to explain the effects of
self-reported behaviours on BMI trajectories. For example, in a study of adolescent weight sta-
tus and health-related quality of life, adolescent weight perception significantly moderated the
relationship between overweight, obesity, and health-related quality of life. Youth that misper-
ceived their weight status to be healthy when they were classified as overweight or obese
reported a higher health related quality of life than those youth with weight perceptions con-
cordant with their actual weight status [47].
Since there are few known treatments for reducing or maintaining BMI, a better under-
standing of the behavioural clusters that most strongly predict BMI at baseline or BMI trajecto-
ries might help steer such prevention strategies. This study did not provide evidence to suggest
which behavioural clusters are associated with an accelerated BMI trajectory, since time was
the only significant predictor of BMI trajectories among all behavioural clusters. Thus, based
on these results, it seems that interventions may be warranted for all groups, targeting the
risky behaviours that might be present in all clusters, or the behavioural clusters most strongly
associated with concurrent weight status. Given limited resources, public health practitioners
and researchers should still be purposeful in their prevention planning, by targeting obesity
through a comprehensive and multi-sectoral response, one that is capable of targeting co-
occurring risky behaviours. These are especially important behaviours to target in childhood
or adolescence, because once behavioural patterns are established, they are difficult to modify
[48].
Most youth in Canada are not meeting guidelines for healthy diets and healthy physical
activity [49], and a large proportion are engaging in other risky behaviours, including mari-
juana use, smoking, and binge drinking [13]. All youth in this study from all behavioural
clusters would require attention, but each cluster would benefit from a different type of inter-
vention. Targeting the Moderately Active Substance Users is a novel approach; while substance
use is generally not a focus of obesity prevention, it does tend to co-occur with other risky
behaviours, and there is rarely focus on substance use for obesity prevention. In fact, those
that binge drink consume an excess of calories [6], supporting the idea that alcohol may
be partially responsible for driving the increase in BMI [6, 50]. The excess calories may be
acquired through the actual alcohol itself, or through the consumption of other unhealthy
foods, which often occurs with binge drinking [50]. Researchers might steer away from only
focusing on physical activity and dietary behaviour interventions, and instead look towards
reducing substance use (i.e., binge drinking) as a potentially effective and novel approach to
addressing youth obesity [51]. The notion that targeting efforts towards substance users might
be an effective way to prevent or reduce obesity is relevant and timely, given the potentially
easy access that youth have to substances–Canada is in the process of legalizing marijuana and
Ontario recently began to sell beer in grocery stores [52]. Such a targeted approach would
require evaluation through ongoing data collection and evaluation systems, such as COM-
PASS, to evaluate if such policies and natural experiments have unintended consequences on
the BMI trajectories of youth.
Although the magnitude of the estimated effects might appear small, they resemble those of
earlier longitudinal studies [16, 17], and can lead to substantial increases in BMI and fat mass
if sustained over time. Results emphasize the need to promote healthy behaviours among
youth from a younger age, while behaviours are beginning to develop and are likely to sustain.
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Researchers might begin with targeting healthy eating first by promoting the importance of
and access to increased fruit and vegetable consumption and an increase in breakfast con-
sumption. [17, 21, 53]. However, the results of this study must be interpreted with caution,
since the mean BMI was similar across all four groups, suggesting they may not be sufficiently
different to draw true comparisons. It must also be noted that the causal relationship in this
study may not be entirely explained by the behavioural clusters influencing BMI trajectories,
rather that youths’ weight status might be the cause of certain types of behavioural patterns.
For example, youth with overweight or obesity might be less active for fear of stigmatization
from their peers, choosing rather to spend their time in screen-based activities [54].
Strengths and limitations
This study has several strengths. Its main strength is its longitudinal design, which could have
contributed to the causality assumption that risky obesity-related health behaviours are associ-
ated with BMI trajectories in a large sample of adolescents. Second, and perhaps also a limita-
tion, was the use of available cases instead of completed cases [25], thus providing a less biased
estimate of the effect sizes. The two measures might be equally biased if the missing data were
unrelated to the questions of interest, which can never be guaranteed in research on BMI [26].
Another strength of this study was the use of BMI as a continuous measure, thus avoiding
potential misclassification of obesity that may occur if there was systematic bias in the self-
reported height and weight. Further, BMI as a continuous measure is more meaningful in lon-
gitudinal research [19], as it considers the entire range of adiposity [16], and can provide a
clearer indication of change [19], since it avoids cut-points that are used to define overweight
and obesity. Finally, the analytical approach used for this study accounted for the correlation
between repeated measurements on the same subjects [55], examined individual and area-
level variables in one model to account for clustering of observations, and examining variation
between individuals and groups, simultaneously [55].
Some limitations must be considered in light of the study’s strengths. First, all data in
COMPASS are self-reported, which might be subject to social desirability or recall biases. Sub-
jects were assured anonymity when completing the survey, and the majority of measures were
found to have acceptable reliability and validity. This is most noteworthy for our outcome
measure of BMI, which although crude, demonstrated strong reliability and validity, and is the
most feasible method for large cohort studies of youth. And since the purpose of this study was
to identify how BMI changes over time, it is expected that youth will misreport consistently
over time [26]. However, the misreporting is most often an overestimation of height and an
underestimation of weight, leading to a “flat slope syndrome,” which would underestimate the
proportion of youth on a trajectory toward overweight or obesity [26, 56]. Second, the health
behaviour clusters were identified in a previous study based on the behavioural response pat-
terns of students in COMPASS Y1 using latent class analysis. And since behavioural clusters
through latent class analysis are determined based on one’s highest probability of cluster mem-
bership, it is possible that there was overlap and students were assigned to the wrong category.
Similarly, the use of the latent classes from a previous study assumed that behaviours remained
static and that youth did not transition in or out of other behavioural clusters. Future analyses
might consider using a latent trajectory analysis to examine the behavioural clusters over time,
concurrently with changes to BMI. Third, although BMI was the most feasible outcome mea-
sure for this study, it may not have been the most practical. As such, interpreting the BMI of
the different behavioural clusters must be done with caution; youth belonging to the Inactive
High Screen-Users cluster are more likely to have a higher fat mass, while the Typical High
School Athletes are more likely to have a higher muscle mass, and both possibly have the same
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BMI [57]. Thus, reducing BMI in the two groups would have different consequences–among
the Inactive High Screen-Users, it would mean a reduction in fat mass, while in the Typical
High School Athletes, it would suggest a reduction in muscle mass, a counterproductive mes-
sage when the intention is promote healthy behaviours (i.e., physical activity).
Conclusions and implications
Having insight into how health behaviours cluster together in unique ways to influence BMI
or change BMI trajectories might assist in the development of more targeted interventions,
especially since the health behaviours comprising the behavioural clusters are modifiable and
can be the subject of health promotion programs. However, since behavioural cluster member-
ship was not associated with BMI trajectories, the message to send to program planners is not
clear. BMI values across the four clusters did differ significantly at baseline and were predicted
to remain different over time. Researchers should consider addressing these modifiable behav-
iours at an earlier age, before they begin to emerge and cluster together. Modifying behaviours
once they are established is difficult; therefore, establishing healthy lifestyle behaviours and
behavioural patterns earlier in life should be an important public health priority.
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